INTRODUCTION
South Africa's woody flora is relatively small, with a total land area under forest cover of about 7% (Poynton 1979a (Poynton , b, 2009 , although the region is floristically diverse with approximately 8% of the world's vascular plants, and harbors three of the eight African plant biodiversity hotspots. However, a rapid increase in human population and associated rapid urbanization generated a large demand for timber, wood products, and other ecosystem services (e.g., soil stabilization) that the slow rate of growth and wood production by South Africa's natural forest trees was unable to meet (Poynton 2009 ). To supply this demand, there was a large-scale introduction of fastgrowing non-native tree species dating back to early European settlement. Many of the nonnative tree species in South Africa today are a product of this ad hoc introduction program. This influx of non-native species has had profound ecological and economic impacts in South Africa and globally (Mack et al. 2000 , Sala et al. 2000 , Van Wilgen et al. 2001 , Richardson and van Wilgen 2004 , Pimentel et al. 2005 , Winter et al. 2009 , Py sek et al. 2010 , Davies et al. 2011 . For example, invasion of the fynbos biome, a global biodiversity hotspot, is estimated to have locally reduced native species richness by 45-67% (Higgins et al. 1999) . In addition, the value of the over one million hectares of protected fynbos biome could be significantly reduced if invasive species remain unchecked, with an economic loss that might amount to several billion dollars over the next few decades (Higgins et al. 1999 ) through reduction in wild flower harvesting, ecotourism, and other natural services. To mitigate impacts of non-native species, between 1995 and 2000 the South African government spent an estimated US $100 million on their eradication and management through the Working for Water (WfW) program (Van Wilgen et al. 2001) .
Since the earliest introductions, dating to 1652, it is estimated that approximately 750 different non-native tree species have become established in South Africa, together with close to 8000 invasive, naturalized, and casual non-native shrubs, succulents, and herbaceous plants (Van Wilgen et al. 2001 , Henderson 2006 , see also a global review by Richardson and Rejm anek 2011) . Managing and controlling the spread of nonnatives outside their native range is an immense challenge (Van Wilgen et al. 2011) , which is further compounded by potentially complex interactions between global climate change and species geographic distributions (Willis et al. 2008 , Richardson et al. 2010 ). According to a recent report of the Intergovernmental Panel on Climate Change (IPCC), global mean temperatures are predicted to increase by up to 4°C toward the end of this century due to anthropogenic activities (IPCC 2014) . Since the geographic pattern of plant distribution correlates primarily with climate, this warming is expected to have a major impact on future patterns of plant diversity through range expansions and contractions (Thomas et al. 2004 , Loarie et al. 2008 , Bradley 2009 ). Previous studies examining the effects of climate change on the potential distribution of invasive species have shown mixed patterns. Some have revealed a trend toward range expansion for invasive species with climate change , Bellard et al. 2013 , whereas others have shown a trend toward range reduction (Richardson et al. 2010 , Wan et al. 2016 . There is, therefore, no broad consensus as to how changing climatic conditions will impact species invasion, and further studies on how both non-native and native plant species will respond to new climatic regimes are needed (Sykes et al. 1996 , Hamann and Wang 2006 , Keith et al. 2009 ).
In recent years, researchers have developed tools that provide increasingly accurate models of species' abiotic niches. Species distribution models (SDMs) have been widely used to predict the potential impacts of climate change in South Africa and globally (Guisan and Zimmermann 2000 , Guisan and Thuiller 2005 , Richards et al. 2007 , Richardson et al. 2010 , see also a review by Elith and Leathwick 2009) . By evaluating the correlations between current distribution data and climate, SDMs allow us to define the climate envelope of a species, and project forward under future climate change scenarios to identify geographic regions outside the current geographic range distribution that will fall within the species future climate envelope and, conversely, regions within the current range that will no longer be climatically suitable in the future (Peterson et al. 2002 , Thomas et al. 2004 .
Here, we explore projected range shifts for 162 species of non-native woody trees and shrubs; these taxa represent 94 genera of gymnosperms and angiosperms spread over 36 families and 19 orders. Using >87,000 occurrence points and a variety of species distribution modeling algorithms, we modeled their potential distributions under current and future projected climate scenarios. Our analysis is the most extensive study to date on the distribution of woody non-native trees and shrubs in South Africa. Previous efforts to model species distributions for both nonnatives and natives within South Africa have generally been taxonomically restricted, often focused on a single species, genera, or family (Bomhard et al. 2005 , Richardson et al. 2010 , Van Wilgen et al. 2011 , Kaplan et al. 2012 , Cabral et al. 2013 . Our aim was to evaluate how nonnative trees and shrubs are likely to respond to projected climate change, and to identify regions that might represent invasion hotspots in the future so as to help concentrate conservation efforts in order to reduce the high cost associated with their control and eradication.
METHODS

Non-native species occurrence data
A list of non-native species was obtained from the Southern African Plant Invaders Atlas (SAPIA) database. This catalogue contains the most up-to-date list of all naturalized/invasive non-native plant species in southern Africa, with information on the spatial distribution, abundance, habitat preference, and time of introduction for approximately 600 species (including herbs, grasses, climbers, aquatic plants, trees, and shrubs; Henderson 2001 , but see also Henderson 2007) . For the purpose of this study, we define non-invasive species as the combined set of naturalized and casual non-native plants from this list. Following Henderson (2007) , we define invasive species as the subset of naturalized non-native plants that produce reproductive offspring, often in very large numbers, at considerable distances from the parent plants, and thus have the potential to spread over large areas. We include non-invasive species in our models because it is possible that, although they might not be problematic now, they might pose future invasive threats under climate change. Our study included a total of 162 non-native woody tree and shrub species for which detailed occurrence data could be readily obtained.
To maximize sampling of occurrence data, we combined the SAPIA database and PRECIS database of the National Herbarium in Pretoria (Germishuizen and Meyer 2003; which contains records for more than 900,000 specimens of native and non-native species distributed across 24,500 taxa from southern Africa). We additionally supplemented these data with sampling locations from the African Centre for DNA Barcoding, through the Toyota Enviro Outreach program (http://toyotaoutreach2012.blogspot.co.za/) and the national invasive DNA barcoding project of the WfW program. Point data were cleaned to remove records with doubtful or imprecise localities. The maximum number of point records was 5336, for the woolly nightshade (Solanum mauritianum), and the minimum was eight, for the stinging tree (Wigandia urens). Although there is a debate as to the accuracy of SDMs when occurrence records are sparse (Wisz et al. 2008) , we included species with only few records to maximize taxonomic sampling. However, we conducted a sensitivity analysis to explore robustness of our results by successively removing species with less than 20, 30, and 50 records.
Climatic data
Current and projected climate data were extracted from the WorldClim database (http:// www.worldclim.org; Hijmans et al. 2005) , representing interpolated climate station records from 1950 to 2000, and projected future scenarios at 2.5-minute resolution. We included 19 climatic variables as potential predictors (Appendix S1). For future climate projections, we considered two general circulation models (GCMs) and three emission scenarios or representative concentration pathways (RCPs). We obtained spatially downscaled estimates of future climate for the year 2070 using the most up-to-date climate change projections from the IPCC Fifth Assessment Report. For each GCM (the Geophysical Fluid Dynamics Laboratory Climate Model version 3 [GFDL-CM3] and the Hadley Centre Global Environmental Model version 2), we analyzed the following RCPs: low RCP = 2.6; medium RCP = 4.5; and high RCP = 8.5. Climatic projections predict temperature changes of 1.1-4.5°C and precipitation changes of 2.1-4.6% by the end of the century (Baek et al. 2013 ).
Determination of suitable climate
We applied two classes of SDMs that use either presence-background data or presence-absence data to establish current and future climate suitability of all 162 woody non-native trees and shrubs in our data set. For presence-background data, we used MaxEnt version 3.3.3 (Phillips et al. 2006) as it outperforms similar methods and has been shown to provide accurate predictions even when only few occurrence points are available (Elith et al. 2006 , Wisz et al. 2008 . For each MaxEnt model, we ran 15 sub-sampling replicates to generate an average model to account for variability among runs, and 5000 iterations per replicate per species, which was sufficient for model convergence. For presence-absence data, we constructed ensemble forecasts (Ara ujo and New 2007) from three alternative SDM algorithms: generalized linear models (GLMs; Guisan et al. 2002) , random forests (RFs; Breiman 2001), and the gradient boosting machine (GBM; Friedman and Tibshirani 2000) . Since we lack actual absence data, we used background data, which characterize the environmental conditions of the study area, as pseudo-absences (Phillips et al. 2009 ). For each algorithm, we sampled pseudo-absences randomly across the study area assuming 1.5 times the number of presence points for each species and applied the same threshold approach for predicting species presence or absence to both current and future climate projections. Higher number of pseudo-absences, especially for machinelearning algorithms, should be avoided as this may negatively affect model accuracy (BarbetMassin et al. 2012) . In all models, we accounted for collinearity of climate predictors by removing predictors with correlations >AE0.8 with either mean annual temperature or mean annual precipitation. We assigned 25% of our occurrence data for testing and the remaining 75% for model training. Duplicate occurrence records were excluded to reduce model overfitting.
Model outputs followed a logistic distribution, ranging from 0 (climatically unsuitable areas) to 1 (climatically suitable areas). As yet, no consensus has been reached on choosing an appropriate threshold for transforming the modeled probability of occurrence into predictions of species presence or absence. Since threshold selection might affect results (Liu et al. 2005) , we followed a twofold procedure to minimize such impacts. For the MaxEnt model, we selected a 10-percentile training presence threshold to produce prediction probability maps (Ficetola et al. 2007, Phillips and Dudik 2008) . To obtain ensemble forecast from the GLM-RF-GBM SDM, predictions were scaled to range from 0 to 1 and averaged weighted by the square of their AUC (Area Under the Curve) values, which gives more weight in the combined prediction to the algorithm that performs better (Ranjitkar et al. 2014 , Breiner et al. 2015 ; predictions with AUC values below 0.5 (i.e., random expectation) were given zero weight. Averaged predictions were then transformed into binary maps by applying the threshold that maximizes the sum of the true-positive rate and the truenegative rate, thus minimizing model error for each species model (Manel et al. 2001) . The thresholds obtained by cross-validation of each algorithm were also averaged weighted by the square of their AUC values above 0.5, and the resulting average species-specific threshold was applied.
Comparison of current vs. future climates
For both the MaxEnt outputs and GLM-RF-GBM ensemble forecasts, we quantified the difference in geographic extent of projected distributions between current and future climate scenarios. Negative values indicate a net reduction in climatically suitable areas with climate change, whereas positive values indicate a net expansion of climatically suitable areas with climate change.
Because recently introduced non-native species might not have had long enough residence time to expand their non-native distribution and reach equilibrium with the environment, it is possible that SDMs might misspecify the climate niche of these species. We therefore explored model sensitivity by evaluating the relationship between change in area of the predicted climate envelope and time of earliest dates of introduction across all GCMs and SDM methods. We used a non-parametric Mann-Whitney U test to compare pre-and post-1900 introductions, and a regression analysis of change in climate envelope area vs. date of introduction. This latter timeframe (post-1900) coincides with the formation of the Union of South Africa, and represents a period of rapid globalization. We hypothesized that if more recently introduced species have not had enough time to reach their available climate bounds, we might see a significant difference in projected range shifts between the pre-and post-1900 introduction events. Lastly, we explored potential differences in the important climate variables driving range shifts for pre-and post-1900 introductions by running correlations of per-cell change in predicted richness against change in each of the environmental variables in turn (i.e., whether a large change in temperature, for example, predicted a similar increase in the richness of both pre-and post-1900 introductions). We suggest that significant differences in the richness correlations with climate predictors between historical vs recent introductions could indicate either that models for recent introductions were unstable or that there was some qualitative difference in the ecology of recent vs. historical introductions. Cells that fell outside 1.5 times the interquartile range of environmental shifts were excluded from the correlation analysis.
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RESULTS
Under current climatic conditions, hotspots of suitable climates for non-native and invading trees and shrubs are centered in the Western Cape, Eastern Cape, Kwazulu-Natal, Mpumalanga, Limpopo, Gauteng, and part of the North West provinces (Fig. 1A; areas in red) . However, our results from future projections across all scenarios suggest that over half of the species in our analyses may experience a decrease in their suitable climate space (mean percent of species showing a decrease across all SDMs, GCMs, and emissions scenarios = 63.3%), with the MaxEnt-GFDL-CM3-8.5 showing the highest percentage of species decreasing in extent (80%; Fig. 2 ). Averaged across all GCMs, the two species predicted to show the greatest contraction in potential range area at the country level were the hairy hakea (Hakea gibbosa) and the screw-pod wattle (Acacia implexa) both native to Australia, with the former predicted to show an average decrease of 12 9 10 3 km 2 and the latter an average decrease of~27 9 10 3 km 2 (Appendix S2). Results were qualitatively similar across all GCMs, emission scenarios, and species distribution modeling algorithms (Fig. 2) . The general trend for contraction of suitable climate was additionally robust to the removal of species with fewer occurrence points: Excluding species with less than 20, 30, and 50 occurrence points had little impact on overall trends for contraction in extent of suitable climate across species (Appendix S3).
By mapping the difference in predicted species distributions between present and future climate scenarios, we identify a number of regions where the threat of invasion from current non-native species might recede, including the provinces of Western Cape, Eastern Cape, Gauteng, KwaZuluNatal, Mpumalanga, and Limpopo (Fig. 1B , areas in blue; see Appendix S4 for equivalent figure assuming RCP 8.5).
Although we predict that a majority of nonnatives will experience a contraction in areas of suitable climate, averaged across all scenarios and SDMs 36.7% of species are still predicted to experience a range expansion. As such, we predict further spread of these species into some areas ( Fig. 1B; areas in red) despite what may be a general decline in non-native range extent. Averaging across all scenarios, the two species with the most significant expansion in potential range area were the red ironbark (Eucalyptus sideroxylon), native to Australia, and the Chilean mesquite (Prosopis chilensis) from South America, with predicted range expansions of~347 9 10 3 and~460 9 10 3 km 2 , respectively (see Appendix S2). The provinces of Mpumalanga and Limpopo may be particularly vulnerable to future spread of nonnatives with the KwaZulu-Natal, Free State, and North West provinces showing a mixed pattern of range expansion and contraction (Fig. 1B) .
Range shifts and dates of introduction
Our estimates of shifts in suitable climate might be less reliable for more recently introduced species if these taxa have not had sufficient time to occupy all potential climatically suitable regions (i.e., species have not obtained climatic equilibrium). Species distribution models for these species might underestimate their true climate niche. We therefore compared trends between more recently introduced taxa (post-1900) and species that were introduced prior to 1900. From the list of species in our data set, 72 species had records indicating introduction prior to 1900, and 43 species were introduced post-1900, whereas wellestablished dates of introduction for the remaining 47 species could not accurately be determined (Appendix S5). We found no statistically significant difference in predicted change in areas of suitable climate between pre-and post-1900 introduction events across all GCMs and emission scenarios (P > 0.05). However, we observed a stronger signal of geographic range contraction for the Free State province in the post-1900 introduction (Fig. 3A,B) . Further, there is a significant negative correlation between time since introduction and change in range size (slope = À1.68, P = 0.02; Appendix S6), such that more recently introduced species are predicted to show a greater decrease in geographic extent with climate change, although the relationship is weak (r 2 = 0.04). Last, to explore whether the environmental drivers of range shifts differed between post-and pre-1900 introduction events, we examined correlations between changes in predicted richness against changes in each of the environmental predictor variables included in our SDMs. We found that similar temperature-based and precipitation-based bioclimatic variables (i.e., the ❖ www.esajournals.org Fig. 2 . Percent change in extent of suitable climate space from species distribution models fitted to current climate and each of the climate change general circulation models (GCMs) and emission scenarios. Each boxplot represents the variation in the net effects of climate change across all 162 species modeled according to the following combinations of species distribution model algorithms, GCMs, and representative concentration pathway: Ensemble Forecast-HadGEM2-AO_2.6 Ens Had 2.6, MaxEnt-HadGEM2-AO_2.6 Max Had 2.6, Ensemble Forecast-GFDL-CM3_2.6 Ens GFDL 2.6, MaxEnt-GFDL-CM3_2.6 Max GFDL 2.6, Ensemble Forecast-HadGEM2-AO_4.5 Ens Had 4.5, MaxEnt-HadGEM2-AO_4.5 Max Had 4.5, Ensemble Forecast-GFDL-CM3_4.5 Ens GFDL 4.5, MaxEnt-GFDL-CM3_4.5 Max GFDL 4.5, Ensemble Forecast-HadGEM2-AO_8.5 Ens Had 8.5, MaxEntHadGEM2-AO_8.5 Max Had 8.5, Ensemble Forecast-GFDL-CM3_8.5 Ens GFDL 8.5, and MaxEnt-GFDL-CM3_8.5 Max GFDL 8.5. GFDL-CM3, Geophysical Fluid Dynamics Laboratory Climate Model version 3; HadGEM2-AO, Hadley Centre Global Environmental Model version 2. highlight regions that may be particularly vulnerable to spread of non-native species in the future; blue areas (negative values) highlight regions where the threat from current invasion might recede. Both panels show results from ensemble forecasts using current climate and the future climate projection for 2070 under the Geophysical Fluid Dynamics Laboratory Climate Model version 3_2.6 climate scenario. temperature seasonality, temperature annual range, and precipitation of warmest quarter) were important in explaining range shifts for both taxon sets across GCMs (Appendix S7). We also found the correlation strengths between percell change in richness and the change in temperature-based and precipitation-based bioclimatic variables to be highly correlated between preand post-1900 introductions (e.g., r 2 = 0.82 from the correlation of climate predictor correlation strengths from the ensemble forecast SDM under the GFDL-CM3_2.6 climate projection scenario for pre-and post-1900 introductions); thus, equivalent shifts in richness were predicted for recent and historical (pre-1900) introductions for a given change in environment.
DISCUSSION
There is increasing evidence that anthropogenic activities are driving climate change and that rates of change are likely to increase in the future (Lenton et al. 2008 , IPCC 2014 . Many species are predicted to shift their current distributions to track their climate niche, for example, moving to higher latitudes or upward in elevation (Lenoir et al. 2008 , Loarie et al. 2009 ). Several studies have attempted to model the future potential distribution of non-native and invasive species in South Africa and globally, and many have shown projected increases in their range sizes with climate change (Walther et al. 2009 , Trethowan et al. 2011 , Bradley et al. 2012 . In one recent example, Bellard et al. (2013) modeled the potential future distribution for 100 of the world's most invasive non-native species and predicted that a majority of these species would expand their ranges northward. However, other studies have projected range contraction for some species (Richardson et al. 2010 , Wan et al. 2016 .
Here, we used SDMs and future climate projections, employing different GCMs and future emission scenarios, to explore the potential shift in the distribution of non-native trees and shrubs in South Africa. We showed that, on average, the geographic extent of suitable climate space for a majority of these species is predicted to contract in the future. Results were generally consistent across alternative algorithms, emission scenarios, and GCMs.
Projecting future distributions, we identified some regions where threats from non-native species might lessen including the provinces of the Western Cape, Eastern Cape, Gauteng, KwaZuluNatal, Mpumalanga, and Limpopo. We found similar trends of decrease in climate suitability after removing species with few occurrence points, for which range projections might be less accurate. However, species' responses are idiosyncratic, and models still predict the potential for an increased spread of some species with climate change. In addition, some non-native species might not yet occupy all currently suitable climate space available to them because they may not have reached climatic equilibrium. Hence, these species may continue to spread in their geographic distribution even though the total area of suitable climate might remain unchanged or even decrease (Garc ıa-Vald es et al. 2013) .
Under current climatic conditions, potential hotspots for non-native trees and shrubs in South Africa include the Western Cape, Eastern Cape, KwaZulu-Natal, Mpumalanga, Gauteng, Limpopo, and part of the North West provinces. These provinces have previously been identified as major source pools for many non-natives because of their high rainfall, high urban development, farming, and silvicultural practices (Schulze 1997 , Henderson 2006 , 2007 , Poynton 2009 ). Under projected climate change, several additional geographic regions, for example, Mpumalanga and Limpopo provinces, may be particularly vulnerable to range expansion of non-native species in the future. These provinces represent high elevation or topographically variable regions, suggesting that climate change might drive many species to move into areas of high elevation (Rebelo and Fig. 3 . Predicted shift in range distributions under projected climate change, highlighting regions of range expansion (red) and contraction (blue) for non-native species introduced before 1900 (A) and non-native species introduced after 1900 (B). Values calculated as described for Fig. 1 , and based on results from ensemble forecasts using current climate and the future climate projection for 2070 under the Geophysical Fluid Dynamics Laboratory Climate Model version 3 representative concentration pathway = 2.6 climate scenario.
Siegfried 1992, Richardson et al. 1996 , Bomhard et al. 2005 , Loarie et al. 2009 , Bellard et al. 2013 .
While species distribution modeling provides a powerful tool for exploring effects of climate change on species invasion, several challenges remain as to its implementation.
First, because invasion is a dynamic process (Dost al et al. 2013) , it is possible that SDMs generated from the non-native range mischaracterize the true climatic envelope (or fundamental climatic niche) for some species, especially for recent introductions, which may not yet have had sufficient time to reach equilibrium with their environments (Guisan and Zimmermann 2000 , Ara ujo and Pearson 2005 , V aclav ık and Meentemeyer 2009 , 2012 . One alternative approach would be to generate SDMs trained with data from the native range (Mau-Crimmins et al. 2006 , Broennimann and Guisan 2008 , Beaumont et al. 2009 , Trethowan et al. 2011 , Kaplan et al. 2012 , O'Donnell et al. 2012 . We lacked detailed distribution data on the native range for most species considered here; however, previous studies have shown that models trained on native range data can be a poor estimate of the fundamental climate niche of a species, as illustrated by the fact that many non-natives expand beyond the climate envelope realized in their native distribution (R€ odder and L€ otters 2009). Therefore, the inclusion of native range data might reduce, rather than enhance, model accuracy (see discussion in R€ odder and L€ otters 2009 and references therein), and we found mixed results for a subset of taxa for which we had detailed data on the native distribution (results not shown).
We evaluated the sensitivity of our results by comparing pre-and post-1900 introductions. If more recently introduced species have not yet had sufficient time to reach the boundaries of their climate niche, then we might expect differences in the predictions of range shifts between early and recent introductions. We found that the likelihood to expand or contract in range was similar between pre-and post-1900 introductions and that similar climate variables drive range shifts in both taxon sets, which suggests that the violation of the equilibrium assumption does not strongly influence our results.
Second, dispersal limitations and biotic interactions (e.g., inter-and intra-specific competition, predation, disease, mutualisms) are known to be important in the spread of invasive species (Meentemeyer et al. 2008) , and also likely influence the fit of SDMs (Schelderman and van Zonnenveld 2010) . Unfortunately, we lack information to incorporate such interactions into our models, which would additionally require modeling how those interactions vary through time with climate change. While adding such complexities into our SDM predictions is not currently feasible, it represents an exciting avenue for future research on plant invasions.
Third, SDMs must also account for the variability in outcomes produced by different modeling techniques and data sources (i.e., different GCMs and RCPs; Ara ujo and Peterson 2012). We considered four SDM algorithms, two GCMs, and three different emission scenarios, and show results to be highly consistent (see also Loarie et al. 2008 , O'Donnell et al. 2012 , Bellard et al. 2013 . Nevertheless, we emphasize that SDMs themselves provide only a probabilistic framework for modeling potential species distributions, and these need to be validated using empirical data as multiple factors including modes of dispersal, propagule pressure, species interactions, and geographic barriers will all influence the realized distribution of a species (Schelderman and van Zonnenveld 2010) .
Despite limitations of current methods and data, our results match to some earlier studies on native species in this region. For example, a majority of species in the South African Proteaceae are predicted to experience a range contraction with climate change, and some species might even experience a complete loss of bioclimatic suitable space (Midgley et al. 2002 , Bomhard et al. 2005 , Cabral et al. 2013 . In a study on the potential distribution of the invasive Peruvian pepper tree (Schinus molle), Richardson et al. (2010) also showed that the future range of this species will likely contract (see also results by Wan et al. 2016 ). Here, we have shown that this trend of range contraction with projected climate change might be a more general feature for nonnative trees and shrubs in South Africa.
Implications for non-native species management under climate change
The rapid urbanization of South Africa has generated a demand for goods and services that the native flora is unable to meet. This gap has led to ❖ www.esajournals.orgthe introduction of fast-growing non-native trees to supply the needs of the growing human population. Many of these introduced species have become invasive and pose a threat to native biodiversity. However, we have shown here that the potential area of suitable climate for many of these species may reduce with projected climate change. Assuming that geographic extent correlates with impact, our results may suggest that the impact of non-native species might be lessened in the future. Nonetheless, some regions are predicted to become more suitable for non-native species, including the Mpumalanga, KwaZuluNatal, Free State, North West, and Limpopo provinces. Additionally, some species are still projected to show potential increases in their geographic ranges (e.g., Eucalyptus sideroxylon and Prosopis chilensis, the two species with the greatest potential for range expansion). These results are consistent with previous studies, and in some cases, management initiatives are already in place for their control (Zachariades et al. 2011) .
We suggest that the regions and species identified above should be the focus for management interventions in South Africa. Further, newly introduced species that have yet to establish might pose novel threats. It is essential, therefore, that current efforts to control the introduction and eradication of currently invading species, for example, through program such as the early detection and rapid response initiative of the South African National Biodiversity Institute, be continued. Importantly, the contraction of suitable climate for many non-native species might also provide new opportunities for habitat restoration through assisted recolonization of native species that once occupied these regions ). These opportunities should be seized upon as they represent a rare opening in the ongoing battle against species invasions.
